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Lb#S - Larsson+

“Learning Representations for Automatic Colorization”
[Larsson+ ECCV ™ 16]
A= T LA (e AN T T L) DR HEMEIC
- 7L VGG [Simonyan+ " 14] % F]H

VGG-16-Gray Hypercolumn Ground-truth

(fc7) conv?
(fc6) convé

convl 1

< & R Lightness

Input: Grayscale Image Output: Color Image
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Ltb® - Zhang+

“Colorful Image Colorization” [Zhang+ ECCV * 16]
B AN TT AONHEMEE U T % e
« BT ADINTG YV A% %
- &7 )VIE VGG [Simonyan+ " 14] % FIH

Lightness L Color ab Lab Image
convi conv2 conv3 convd convs convé conv? conv8
a4 atous / dated A trous / dilated

|
‘,7128 g 256 _ 512 512 512 _ 512 &3 2
= —— i

64 32 32 32 32 32 3 64
128 o y

{a,b) probability
distribution ’ = 224

313 64 2
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AN EHR [Larsson+ '16] [Zhang+ '16] [lizuka+ ’16]
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[Larsson+ ’16] [Zhang+ '16] [lizuka+ ’'16]
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AEMEAVTAREREEHTENITIIZY—ERXTY, PTEDODNTUVSFERE Let there
be Color!: Joint End-to-end Learning of Global and Local Image Priors for Automatic Image
Colorization with Simultaneous Classification" [lizuka and Simo-Serra et al. SIGGRAPH
20161,

-(AYs)

1. T27VERBR] R VERL. BEMFZVERERRL TSV,
2. T&f[F ! 1 RIVERTE. BT UBRATOBICRTEINET,

: D71 IERR BIRSNTULEEA
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Generative Adversarial Network (GAN)
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Generative Adversarial Network (GAN)
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Generative Adversarial Network (GAN)




Generative Adversarial Network (GAN)




Generative Adversarial Network (GAN)




Generative Adversarial Network (GAN)

z~N(0,1) —» y —»@»p(yfvpy)

0.07 !:N % —{p }>0.01
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Generative Adversarial Network (GAN)

29



Generative Adversarial Network (GAN)

z~N(0,1) —» Y —»@—»p(yfvpy)
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Generative Adversarial Network (GAN)
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- ehEX N7z fEIR OO fili5E
- Dilated Convolution CTZE[bif#4E% LT3
- Generative Adversarial Network (GAN) f#i FH

- AW O ifre Hh5eS N7 iRz G
- WAlETH A% EHE
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- FBREX N SEISOD fl 5
- Dilated Convolution TZE[fifd&E% LTS
- Generative Adversarial Network (GAN) f# FH

- AW O ife Hh5eS N7 iz G
- WAlETH A% B

P2 L ?
Q,/ t

EHAIAPJE fRERE A A A JE

Q.
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- J5HEX 7 SEI O ST
- Dilated Convolution TZE[biff4E% LTS
- Generative Adversarial Network (GAN) {# /H

- AWM O Hifre Hh5eS N7 iRz
- WAlgRTH A% A

128x128 ——
- Global Discriminator

6464
1 32x32
——— 1616
| 8x8

256%256

Output  128x128

Completion Network 64X64 32352 16x16 g ;;—;_.; ______
Local Discriminator

Real or Fake
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168 5 52

Image completion is a very complicated task...

Previous approach Previous approach




